A projected high penetration of electric vehicles (EVs) in the electricity market will introduce an additional load in the grid. The foremost concern of EV owners is to reduce charging expenditure during real-time pricing. This paper presents an optimal charging schedule of the electric vehicle with the objective to minimize the charging cost and charging time. The allocation of EVs should satisfy constraints related to charging stations (CSs) status. The results obtained are compared with the two conventional algorithms and other charging algorithms: Arrival time-based priority algorithm (ATP) and SOC based priority algorithm (SPB), Particle Swarm Optimization (PSO) and Shuffled Frog Leaping Algorithm (SFLA). Also, the CS is powered by the main grid and the microgrid available in the CSs. The EVs charging schedule and the economic analysis is done for two cases: (i) With Grid only (ii) With Combined Grid & microgrid. The load shifting of EVs is done based on the grid pricing and the results obtained are compared with the other cases mentioned.
Introduction
The power and transport industries together contribute approximately 70% of the worldwide carbon dioxide (CO2) production. It is a major concern due to the negative impact on the atmosphere [1] . As a solution to this crisis, implementation of EVs and green energy sources can significantly minimize the emission. Electric vehicles (EVs) have represented an atmosphere friendly transportation substitute compared to internal combustion engines (ICE). EVs can decrease the CO2 emission and as well as lessening the dependence of vestige fuels [2] . Green vehicles have a lesser fuel cost compared to ICE vehicles and they could use the nearby renewable sources for charging [3] . Due to several advantages, the number of EVs is expected to rise swiftly in the upcoming years. The mileage of EVs is determined by its rated capacity of the battery. For a long range of driving fast charging chargers and a high capacity of batteries are necessary. Fast charging stations are able to charge the battery of EVs from its available energy level of 20% to 80% under 30 min. In disparity, for medium and slow charger charging stations takes a number of hours. Public CS is a conformist charging choice for EV drivers; particularly those who haven't own chargers [4] . A large number of EVs may affect the electric power network radically, owing to the elevated power utilization. A few of the most important crisis's there in distribution systems are associated with non-desired peaks of energy utilization, overloading of the transformer and augmented power loss etc. It affects the stability of the grid [5, 6] .
Increasing the power generation could be the solution for the above-mentioned problems; however, this will direct to considerable infrastructure cost. In recent times, several kinds of research have considered EV demand management on dropping peak period congestion and improving power quality [7, 8] . In recent work [9] a coordinated charging algorithm is projected to curtail the power losses. Optimal electric power distribution from the grid and regulating of the arrival rate of EV to the CS was examined in [10] . A charging scheduling scheme to minimize the waiting time in a CSs in proposed in [11] . The authors proposed a coordinated proposal to reduce the waiting time of EVs, through intelligent scheduling charging. In [12] a mathematical model of the EV charging load based on the traffic model and the queuing theory was developed to capture the dynamics of EV charging demand in a CS [13] . Authors propose a decentralized smart EV charging algorithm to resolve the Plugin EV charging crisis in a decentralized method.
The proposed decentralized algorithm retains the private user state information. They proposed a decentralized algorithm to optimally schedule electric vehicle charging. The algorithm uses the flexibility of electric Vijayakumar Krishnasamy is the corresponding author.
vehicle loads for load shifting in electric load profiles [14] . Ma et al. [15] develop a decentralized computational algorithm that minimizes the electricity cost by scheduling PHEV demand to fill the overnight non-PHEV demand valley. It allows the PEV to optimize its charging activities based on a price gesture broadcast at that time of charging. W. Zou proposes a centralized charging approach by a dynamic estimation interpolation based algorithm. It takes into account the valley-filling effect of the supply side. By developing a price discount scheme it minimizes the user's cost [16] . The main initiative for centralized control is to exploit centralized communications to gather information from all EVs and centrally optimize EVs' charging allowing for the grid constraints. Jia Ying Yong [17] investigated the scheduling of EV for charging and discharging condition with solar PV in a smart parking lot. For the optimization algorithm, numerous constraints have been considered such as battery lifetime, battery SOC, charging time, irradiance probability, charging price.
The optimization algorithm gives proper Vehicle to Grid energy control to exploit both the charging and discharging, improve the SOC, reduce the net demand during peak hours, and to get the most of the inducements to EV owners who are participated. M Esmaili [18] gave a multi-objective technique to optimally manage the charging of 70 Vehicles. The author considered the electricity prices and power loss under dynamic tariff situation. J. Yang [19] developed a centralized charging method for various optimization goals, including minimizing cost, reducing CO2 emission, energy loss minimization, regulating frequency and to satisfy the EV owners, etc. By considering the dynamics of EVs' charging system reference [20] [21] [22] developed strategies for managing EVs charging to minimize the cost and for lesser EVs' detrimental impacts on the distribution network.
A pre-reservation based scheduling method as a well-organized scheduling method on CSs for chic transportation was proposed by Rezgui J, Cherkaoui S [23] . In [24] the main contribution of their scheme is that the charging stations can make a decision of charge scheduling which generates a rank by using the approximated arrival, waiting time and the energy required to charge the EV. It suggests a pre-reservation based managing technique for the CSs to choose the service order for several requests with the aim of satisfying the customers as much as possible. Based on geographical data [25] propose an assessment of EV charging scenarios. They studied a method to choose when the EVs are to be charged based on geographical numeric data. A major issue in this study was that a huge prologue of EVs in the transportation sector will be increasing the total electric power utilization. It is understandable that an uncontrolled charging of EVs can be the reason for the problems in the distribution system and the issue is to be addressed by a method to control EVs charging based on the charging behavior.
It can be calculated from the geographical numeric data. In this scheme, different charging tactics were designed and the impacts were assessed using standard load flow calculations. The result specifies that a perceptive community charging network could minimize the hassle on the distribution networks as part of the charging to be done in viable areas. Y. Cao [26] proposed a smart technique to manage EV demands in retort to TOU price in a power market. A heuristic technique was employed to reduce the charging cost. It is observed from the results that the optimized charging model is advantageous in minimizing the price and leveling the load curve. Fernandez [27] showed that it is possible to evade 70% of the necessary investment with an orderly charging. It permits to reach a maximum EV infiltration level with not defying the constraints. An analytic control-based adaptive scheduling approach was modeled by Ran Wang [28] to maximize the profits of the entire network. a centralized linear program using time-varying electricity pricing was analyzed in [29] . The result indicates that the proposed technique is used to reduce the parking lot operator's charging cost and as well as to meet customer's load.
Motivation and contributions
The main focus of this work is to reduce the total cost spent by the customer through an optimal scheduling. It includes the battery capacity of the vehicle, available SOC, the waiting period, and the real charging time. There are a number of limitations to be considered like SOC which evades a vehicle to reach the nearest CSs [30] [31] [32] . In CSs, the total time spent by the customer will be increased, when there is a number of EVs waiting for charging. If the charging rate of a charger is restricted, it could lead to extend the time of charging.
A simple and efficient algorithm to minimize EV charging cost is proposed in this paper. The main contribution of this work is as follow:
1. The formulation of EVs scheduling problem has been done for optimizing the cost and time period of the EVs.
2. Arrival time-based priority and SOC based priority algorithms were used for EVs scheduling and the results were compared with PSO and SFLA.
3. Load reallocation is also considered for benefiting the customer by reducing the electricity cost. A microgrid is considered for reducing the consumption cost of energy, when the grid cost is high.
Proposed method
By using the Arrival time-based priority and SOC based priority algorithms, the total charging cost and time including the waiting time of EVs at the CSs were reduced. In this work, instead of letting all recharges demanding EVs to choose charging points by themselves, a mapping of EVs to charging points by applying scheduling algorithms is done. By doing so, EVs are charged faster, and also enhances the performance (i.e. number of customer intake for charging by CSs) of the CSs. Each algorithm has its own properties in terms of scheduling but the main task is to properly allocate a charging point to each EV for a lesser price and time. The results of the algorithms are evaluated and compared with PSO and SFLA to reduce the cost and time significantly. A classic case study Low Voltage network is considered [33] in this paper. A mixture of renewable sources micro turbine, a wind turbine and a few PVs are installed in the network. It is understood that every renewable generator generates true power at a power factor to unity. The operating boundaries of the DGs are specified in Table 1 . The bid coefficients are given in Table 2 . 24hrs output of the microgrid is given in Table 3 and Figure  1 . Output from various DG's for the 24 hours is given in Table 4 . Microgrid power price is given in Table 5 and Figure 2 . The capacity and available SOC of each vehicle are given in Table 6 . The energy cost is taken on a typical day from Epex Spot, U.K [34] . Figure 3 illustrates the 24 hours grid cost. 
Problem description
Twenty vehicles with a various range of capacity were considered for the charging schedule. The CS is equipped with a pair of a fast charger (FC), a pair of a medium charger (MC) and a single slow charger (SC). The maximum power of fast charging mode is normally identical to 50 kW (125 A) with the maximum charging time up to 24-minute charging duration of 20 kWh Battery [ [33] ]. SOC of the Lithium-ion battery is determined by using
Where, R i is the time required for charging in hour.
Total charging cost for all the vehicles can be obtained by
Where, NF -is the number of fast chargers. NM -is the number of medium chargers. NS -is the number of slow chargers. T -Total time in hour. N -Total number of vehicles. Total charging time (T) required for all the vehicles can be obtained by,
Where, is the rated capacity of the vehicle in kW.
( ) is the SOC left in the n th vehicle.
-is the output power of fast charger in kW.
-is the output power of medium charger in kW.
-is the output power of slow charger in kW.
Constraints
-The SOC of the vehicle be greater than the minimum value as specified by the manufacturer.
-While leaving from CS the SOC of EV should be equal to the SOC, requested and should not be more than its maximum capacity.
Assumptions

1.
Voltage of the battery is assumed to be constant.
Battery will be at one mode at a time, either charging or discharging.
Algorithm for proposed method
According to the EVs arrived in CS, the number of available chargers and the charging rate limit, CS needs to decide which EV to charge for the current timeslot. ATP algorithm based method, SOC based method was used to calculate the minimized time and cost of vehicle charging.
Arrival Time based Priority (ATP) algorithm
ATP algorithm based algorithm tries to get the vehicles in service whenever it arrives which used to reduce the delay time and to avoid the charger to be idle. It allows the vehicle till all the charging points are engaged. It doesn't consider the vehicles available power, the power required to charge, the charger to be allotted and the time to complete the charge. ATP algorithm lineups all Vehicles to charging points choose the earliest vehicle based on the arriving time. So, the selected Vehicle is allotted to a point which makes charging in a quick time.
Once a Vehicle is allotted, it updates the time of other Vehicles. The same procedure will be repeated until all the vehicles are charged.Flowchart for this algorithm is given in Figure 4 .
SOC Based Priority (SBP) algorithm
This algorithm focuses on the most primitive time to complete the vehicles charging. With the available SOC, it gives priority to the customers charging as soon as possible. Unlike the arrival time-based priority algorithm, SOC based priority algorithm takes the actual charging time into consideration. It starts by aligning all EV to charging point in order to complete the charging time earlier and selects the vehicle with highest SOC. So, the chosen EV is allotted to a point which guarantees the most primitive finishing time to complete the charging process. Once a vehicle is scheduled, it updates the most primitive finish charging time of other not scheduled EVs. As allotted, the EV is included in the line of the outlet; the expected most primitive finish time of other EVs on that outlet could be modified. It repeats the same process until all the EVs are scheduled.Flowchart for this algorithm is given in Figure 5 .
Particle Swarm Optimization (PSO)
Particle swarm optimization (PSO) is a computational approach which optimizes any problem by iteratively. It was pioneered by Kennedy and Eberhart at 1995. PSO maintains an inhabitant of elements, where every element stands for a probable result to the optimization crisis. Cost minimization problem was solved in this paper by PSO. It is a meta-heuristic population-based optimization method that has been applied to different optimization problems in a large number [35] . The PSO method determines the dimensions of the particles, particle velocities, allocating a particle objective function, and addressing the problem constraints. The numbers of variables are 5, the population size is 100 and the numbers of iterations are 100. Considering a dimensional space and let N is the swarm size. Each particle of i can be represented as an object with many characteristics. The following symbols are assigned for the characteristics.
The velocity of particle I for the next fitness evaluation in the subspace of the dimensional space can be calculated as
Where X i is the existing position of element i V i is the velocity of the element i with a distance in an unit time. P best is the individual best position of the element i. G best is the global best of the swarm. V i (t), X i (t) is the velocity and position of the particle at t th iteration. The inactivity component weight was taken in between 0.4 to 0.9. It manages the way of the velocity vector. The individual observation of each individual and pushing the entities to shift towards their preeminent position is represented by a component named as cognitive component represented in the eqn. The individual best position of every particle will be reached up to existing iteration in the search space. The social component which is the third part is represented by G best. It is the G best location acquired by all individuals. At all times it pushes the entity towards the global best individual established thus far. From the equation the acceleration factor determines the relative influence of the social and cognition components are determined by C 1 , C 2 component. The update of their position is given as:
Every element will calculate its fitness value. The individual finest position of each individual will be updated using the equation given below.
The problem is addressed by the PSO algorithm as follows. The numbers of variables are 5, the population size is 100 and the numbers of iterations are 100. The position and velocity of i th particle in the dimensional space j is given as
In each iteration, the charging strategy will be updated.
Step 1: Create a population of N number randomly.
Step 2: Assign the number of iteration, variables, velocity, and position.
Step 3: Schedule the charging and find the fitness value for all population.
Step 4: Determine P best and G best from the initial population.
Step 5: Update the velocity, particle position from the equation given in the flow chart.
Step 6: Find the fitness value for the updated velocity and position.
Step 7: If the new P best is better than the previous G best then go to step 9.
Step 8: In case the novel personal best is not superior to the earlier Global best then keep Gbest as it is given in the flow chart.
Step 9: Update the Global best.
Step10: Repeat the procedure until the tolerance limit reached or the number of iterations is completed. The flowchart for PSO algorithm based scheduling is given in Figure 6 .
Shuffled Frog Leaping Algorithm (SFLA)
Shuffled Frog Leaping Algorithm (SFLA) is a meta-heuristic, or more accurately it is a Memetic Algorithm, which is inspired by frog leaping. SFLA is based on the model used by Shuffled Complex Evolution (SCE-UA) and incorporated the memetic evolution into it. This optimization has been applied to many optimization problems. The main advantage of SFLA is its convergence speed. The algorithm has elements of local and global search information [36] . A separate local search will be conducted for every memplex. After a particular number of memetic steps, frogs have shuffled again among the memplexes. It enables the frogs to interchange the information among different memplexes to ensure that they are moving to an optimal solution. The first step of SFLA is to initial the population of P frogs randomly with a feasible search space. The location of ith frog is represented as Fi = (Fi1, Fi2, Fi3 … .FiD). D is the total number of variables. Then, the frogs will be sorted according to the fitness value in a descending order. Now, the entire population is divided into h number of memplexes. Each population contains n number of frogs (i. e. P = h*n). Now, the first frog will go the first memplex and the hth frog will go the hth memplex. The frog h + 1 will go the first memplex and so on. According to the rule, the position of the worst frog will be updated.
Where, < < The change of frog's position in one jump is Si. r is a random number generator. It is a uniform distribution between 1 and 0. The maximum and minimum allowable change of frog's position is S imin and S imax .
Step 1: Create P number of random population and h number of memplex.
Step 2: Assign the number of iteration and variable.
Step 3: Find the fitness value for P number of population.
Step 4: Sort out the best (Xb), worst (Xw) and Gbest (Xg) values for each memplex.
Step 5: Calculate the new frog (Xnew) by using the eqn and replace Xw with calculated Xnew.
Step 6: If Xnew is not better than Xw go to step 5.
Step 7: Find the fitness value for all the fitness multiplex with Xnew values.
Step 8: Shuffle the Gbest value among the memplexes.
Step 9: If the convergence criteria is met then stop the process. If not repeat the procedure until the convergence criteria is met.
Results and discussion
The results are explained for 6 cases. Case 1 gives the results of arrival time-based priority algorithm, case 2 explains the results of SOC based priority algorithm, the PSO results are explained in case 3, the results obtained by shuffled frog leaping algorithms are given in case 4 and the results of load reallocation is given in case 5. The results with microgrid are considered in case 6.
Case 1
Charging all the vehicles without scheduling is considered here as arrival time-based priority method. When the management strategy is not performed, the total cost reaches 2531.371 Ect and the average time to complete the charging is 3.0 hours. Total energy consumed by all the vehicles is 335.91 kW. The vehicle allocation using the ATP algorithm is given in Table 7 . Here, both the fast chargers consume 180 kW to charge 12 vehicles which are 60% of the total vehicles taken for this study. Table 8 shows the vehicles scheduled to various chargers by using ATP algorithm.6 vehicles were charged by the medium Chargers by consuming 66.4 kW and 55.6 kW respectively. The SC1 charged two vehicles by consuming 33.6 kW. 
Vehicles charged by FC1
Vehicles charged by FC2
Vehicles charged by MC1
Vehicles charged by MC2
Vehicles charged by SC1   1  2  3  4  5  6  7  8  10  14  9  11  17  18  -12  13  ---15  16  ---20 19 ---
Case 2
SBP algorithm schedules the vehicles based on the priorities for vehicles demanding less charging times. Based on the number of customer intake, the performance of CSs will be increased compared to the ATP algorithm total energy consumed by all the vehicles is 335.91 kW. The vehicle allocation using SBP algorithm is given in Table 9 . Here, both the fast chargers consume 161.9 kW to charge 10 vehicles which are 50% of the total vehicles taken for this study.8 vehicles were charged by the medium Chargers MC1 and MC2 by consuming 144.5 kW. The SC1 charged two vehicles by consuming 29.3 kW. SBP method completes the charging in an average time of 3.03 hour and with a cost of 2526.9 Ect. Table 10 provides the vehicles allotted to each charger by using SBP algorithm. It is identified from the Table 7 , that compared to the first case there is a reduction of 4.4 Ect. 
Case 3
When the optimization strategy is performed, there is a significant reduction in cost and time compared to both ATP and SBP algorithms. PSO completes the charging in an average time of 2.8 hours and with a cost of 2520.7 Ect. The optimal scheduling is done using PSO algorithm and it is given in Table 11 . It is evident from the results given below, that PSO gives better results. Compared to the first case there is a reduction of 10.6 Ect and compared to the second case there is a reduction of 6.2 Ect. Total energy consumed by all the vehicles is 335.91 kW. Table 13 shows the vehicles scheduled to each charger. 11  10  4  1  16  8  3  7  6  18  9  12  14  13  -17  2  ---19  20  ---5 15 ---
Case 4
The results for SFLA based scheduling is given in Table 13 . When compared to the ATP and SBP methods SFLA gives better results but when compared to PSO, both the results have minor differences. SFLA completes the charging with 2.8 hours as PSO did. Compared to the first case there is a reduction of 12 Ect and compared to the second case there is a reduction of 7.4 Ect. Compared to the results of PSO, 1.4 Ect can be further reduced by SFLA. Total energy consumed by all the vehicles is 335.91 kW. Table 16 shows the vehicles scheduled to each charger. Comparison of cost by the ATP, SBP, and PSO is given in Table 15 . 
Vehicles charged by FC1
Vehicles charged by FC2
Vehicles charged by MC2
Vehicles charged by SC1 10  1  13  16  11  2  12  7  18  15  19  17  6  14  -4  3  ---20  9  ---5 8 --- The average time taken by each charger for all the three cases is given in Table 16 . It is clear evidence that the PSO and SFLA based scheduling takes a lesser time than the other two methods. Similarly, the costs for each charger are given in Table 16 . Cost for charging without load reallocation is given in Table 17 . Charging cost by using SFLA,PSO,ATP and SPB methods are given in Table 18 .Charging cost for each charger with load reallocation is given in Table 19 . 
Case 5
Load reallocation is used to reduce the cost to avoid Vehicle charging during the energy cost is high. When the reallocation of the load is done for the ATP algorithm the charging cost is reduced up to 175 Ect. When reallocation of a load is done for the SBP method the charging cost is reduced up to 169.5 Ect. But, when the load reallocation is done, it is observed that there is a reduction of 175.1 Ect and 170 Ect reduction in cost is given by PSO compared to both ATP algorithm and SOC based priority algorithms and also SFLA gives a difference of 175.5 Ect, 170.9 Ect, 164 Ect compared to ATP, SBP, and PSO. .
Case 6
Without considering microgrid in the system, the actual charging cost is 2531.3, 2526.3, 2520.7 and 2519.3 Ect for the ATP, SBP, PSO, and SFLA. As the renewable energy costs are less than the grid price, the renewable energy can be utilized fully. With the DG installation, the cost is reduced to 8.1%, 7.2%, 8.4% and 10.3% respectively. An enhanced amount of renewable energy makes the CS purchase additional power from the microgrid as a substitute of purchasing electricity from the main grid at a high cost. So, the cost will be reduced even more. Table 20 provides the comparative effectiveness of load reallocation and Table 21 provides the effectiveness of microgrid in reducing the charging cost. 
Conclusion
This paper presents the findings of a PSO and SFLA based scheduling of EV's during the dynamic electric price, with and without microgrid. The most economical scheduling method of EVs is derived. With a proper scheduling, load reallocation reduces the cost and time effectively. EVs can be used as a source to provide V2G service. It is possible to control Vehicle to Grid or Grid to Vehicle-based on discounts, guidelines, incentives, and put in place by the government, utilities, and manufacturers. For the smart grid environment, an advanced optimization method will be needed to track the dynamic behavior of RESs and vehicles. Furthermore, purchase and selling rates are to be considered in the scheduling, control, and optimization of EVs scheduling in a smart grid.
